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ABSTRACT

Motivation: In recent years, single-cell biology has focused on the
relationship between the stochastic nature of molecularinteractionsand
variability of cellular behavior. To describe this relationship, it is neces-
sary to develop new computational approaches at the single-cell level.
Results: We have developed AgentCell, a model using agent-based
technology to study the relationship between stochastic intracellular
processes and behavior of individual cells. As a test-bed for our
approach we use bacterial chemotaxis, one of the best character-
ized biological systems. In this model, each bacterium is an agent
equipped with its own chemotaxis network, motors and flagella. Swim-
ming cells are free to move in a 3D environment. Digital chemotaxis
assays reproduce experimental data obtained from both single cells
and bacterial populations.

Availability: AgentCell is available on request from the authors.
Contact: emonet@uchicago.edu

Supplementary information: Available at http://bioinformatics.
oupjournals.org/cgi/data/bti391/DC1/1

1 INTRODUCTION

In arecent experimental study, Korobkova et al. (2004) showed that
behavioral variability of an individual cell could be the result of
the stochastic nature of molecular interactions in intracellular sig-
naling pathways. Consequently, even genetically identical cells can
exhibit different behaviors (Spudich and Koshland, 1976). These
studies suggest that stochastic molecular events in signaling path-
ways play asignificant role in single-cell behavior. In this paper, we
present AgentCell, a digital assay designed to study how molecu-
lar noise influences the behavior of a swimming single cell in a3D
environment.

Most computational models characterize biological systems at
one specific scale of interest: molecular, cellular or intercellular,
etc. Computational tools such as GEPASI (Mendes, 1993),
DBSolve (Goryanin et al., 1999) and StochSim (Morton-Firth,
1998; Le Novere and Shimizu, 2001) model intracellular biochem-
ical reactions within one cell. At the whole cell level, there exist
more integrative tools including E-Cell (Tomita et al., 1999) and
Virtual Cell (Loew and Schaff, 2001). Some of these tools include
capabilities to handle multiple timescales (Takahashi et al., 2004).
Cell populations have been modeled with partial differential equa-
tions, gas kinetic theory, cellular automata and Brownian agents
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(Chen et al., 2003; Schweitzer, 2003; Leawus and Ford, 2001;
Schnitzer, 1993; Ford and Lauffenburger, 1991). A recent software
framework for the simulation of morphogenesis, CompuCell, uses a
combination of these techniques (1zaguirre et al., 2004).

We developed AgentCell, an agent-based model for simultan-
eously modeling biochemical processes within individual cells and
the associated motion of cells within a 3D environment. The outer
layer of our model is the agent-based simulation framework Repast,
a Java-based software toolkit that has been routinely used to model
socioeconomic systems (Collier and Sallach, 2001). The long-term
goal of this work isto develop an agent-based software to describe
population dynamics from autonomous interacting bacteria that can
make decisions independently from each other. The representation
of biological entities as autonomous agents competing in acommon
environment is particularly suited to model the evolutionary aspects
of biological organization (see Section 2.1).

As atest-bed for our computational approach, we simulated the
chemotactic behavior of the bacteria, Escherichia coli. Bacterial
chemotaxis in E.coli is one of the best characterized examples
of information processing in biology (Berg, 2000). Environmental
signals are converted into molecular intracellular information via a
signal transduction network. E.coli isableto swim up or down chem-
ical gradients using flagella as propellers (Supplementary Figure 1).
Each flagellum rotates under the action of arotary motor. When most
of the motors rotate counterclockwise (CCW), the flagella form a
bundle and the bacterium swims smoothly. When the motors rotate
clockwise (CW), the bacterium tumbles erratically. Tumbles ran-
domize the cell trajectory, and their temporal modulation allows
bacteria to perform chemotaxis by swimming toward attractants or
away from repellents. The chemotaxis network in E.coli senses
temporal changes in environmental chemical concentrations and
transduces externa chemical signals into intracellular information.
In asimple picture of the chemotaxis network, the external concen-
tration of ligand is the network input. The internal concentration of
signaling molecules (CheY-P) is the network output. CheY-P binds
preferentialy to the motor, and the CW bias of the flagellar motors,
i.e. the fraction of time that a single motor spends rotating in the
CW direction, increases with CheY-P concentration (Cluzel et al.,
2000). There exist severa excellent molecular and physiological
reviews of signaling networks (Sauro and Kholodenko, 2004) and
bacterial chemotaxis (Berg, 2000).

We define single bacteria as agents whose goal isto swim towards
sources of chemical nutrients. Within one cell, receptor complexes
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provide the interface between the bacterium and the local envir-
onment that can contain concentration fields of chemical effectors.
Biochemical networks are currently implemented using instances of
the stochastic simulator, StochSim (Morton-Firth, 1998).

To validate our computational approach we simulated the
chemotactic response to a linear gradient of attractant of indi-
vidual swimming bacteria. At regular time intervals, we recorded
the position and orientation of the cell as well as the state of
the motor, flagella, receptors and the activity of each protein
involved in the chemotaxis pathway. We compare our simulations
to experimental data obtained from both single cells and population
measurements.

2 SYSTEMS AND METHODS
2.1 Agent-based approach

Agent-based modeling draws on severa fields including computer science,
artificial intelligence, complex systems and the social sciences. Agent-based
simulations have been developed to model the sociology of human societies
(Epstein and Axtell, 1996), competition and collaboration (Axelrod, 1997),
the spread of epidemics (Gordon, 2003) and the organizational behavior of
canid populations (Pitt et al., 2003).

Resnick (1994) provides ageneral introduction to agent-based computing.
Jennings (2000) identifies the essential characteristics of agents and com-
pares agent-oriented software engineering with object-oriented program-
ming. According to his definition, agents are ‘ problem solving entities with
well-defined boundariesand interfaces . Agentshavegoalsand can determine
if their situation becomes better or worse relative to the fulfillment of these
goals. Agents act on locally available information. Global or system-wide
information is not accessible.

Themain difference between agentsand objectsisthat agentsare autonom-
ous: they have the ability to control their internal state and behavior without
the direction of a central authority (Wooldridge, 1997). Autonomy decent-
ralizes decision making and therefore greatly simplifies the implementation
of the whole system’s control. Since each agent decides by itself when to
act and what action to perform, there is no need for a complex centralized
decision making entity. Finally, agentsfollow protocolsto interact with their
environment and to interact with each other. In account of their autonomy,
agents are free to make run-time decisions about the scope (with whom to
interact) and the nature of theinteractions. Flexibility in thetiming, scopeand
nature of the interactionsis one of the strengths of agent-based programming
(Jennings, 2000).

Themodularity of agent-based approachesisbest suited for the study of the
natural architecture of biological systems (Hartwell et al., 1999). The flexib-
ility of theinteractions between agents facilitates the software representation
of the interactions between modules within biological systems. Finaly, the
autonomy of individual agents simplifies the implementation of phenotypic
variability within a population of cells (Spudich and Koshland, 1976). In par-
ticular, it allows us to model the intracellular pathways inside the individual
agent (cell) with a stochastic simulation. Thus, the cell behavior directly
reflectsitsintracellular stochastic fluctuations.

Inthisfirst version of AgentCell, we used only some of the features offered
by the agent-based representation. Cells are the sole agents while cellular
organelles (motors, receptors, etc.) are simple objects. These objects have
no autonomy, and are controlled by the cell. Redefining cellular organelles
(e.g. motors) as agents can be implemented in future versions of AgentCell.
Although we did not include any interactions between cells, the strength
of the agent-based approach in modeling agent-to-agent interactions will be
essential for our long-term goal. Allowing cell-to-cell interactions require
message passing between agents (see Sections 4 and 6). This first version
provides several scripts to run simultaneously thousands of realizations of
non-interacting single cells on parallel computers. We used this feature to

approximate the behavior of bacterial populations with averages over the
realizations of independent non-interacting cells (Section 5).

2.2 Architecture

Figure 1 showsthe architecture of AgentCell. The main packages and classes
in this code are:

Models. This package contains classes that control different types of
simulations. The main controller for the simulations presented in this paper
is ChemotaxisModel.

World.  Thisclassdefinesthe spacein which the cells (agents) live. World
containsaCollection of cellsaswell asaninstanceof theBoundaryConditions
class, essentially a Collection of boundaries that can be either reflective or
periodic. For simplicity, reflective boundaries reflect oriented positions as if
they were particles bouncing elastically against awall.

Cells. Thedefault attributesof acell areposition, orientation, volumeand
motionStepper (seebelow). They areprovided by theabstract classCell. Each
instance of the Cell classis an independent agent. The ChemotaxisCell class
extends Cell with attributes necessary to perform chemotaxis: Receptors,
Network, Motor, Flagella.

Receptors.  This class provides a method to read the concentration of
ligand from the local environment.

Network. All biochemical networksusethe Network interface. Thisinter-
face declaresmethodsto set and get the number of moleculesin the networks.
It also declares a step method to advance the network in time. Network is
implemented by the class Sochsim, awrapper around the StochSim software
package. Sochsim usesthe sameinput filesasthe original StochSim program
to define the topology and reactions rates of the network. For the chemo-
taxis pathway, this is done in the ChemotaxisNetwork class. New additional
pathways require a separate set of Stochsim input files.

Motor. Bacterial motors rotate either clockwise or counterclockwise.
The abstract class Motor keeps track of the binary state (CW or CCW) of
the effective motor and provides a method to switch from one state to the
other. It also declares an abstract step method to advance the state of the
motor intime. The abstract class ThresholdMotor extends Motor with atime
step method that switches the motor state from CCW to CW, if a threshold
condition is setisfied. The threshold condition is defined in subclasses: Aver-
agedCheYpThresholdMotor defines the threshold using the recent history of
the intracellular level of CheY-P.

Flagella. Changes in the states of the motors do not always translate
into changes in swimming behavior. The abstract class Flagella handles
this discrepancy. The current model allows two possible states for the fla-
gella: bundled when the flagella form a corkscrew bundle and apart when
the flagella fly apart. The subclasses of Flagella, TetheredFlagellum and
SwimmingFlagella, switch the state of the flagella according to the state of
the motor.

Motion. Thispackage controlsthe motion of acell withintheWorld. Two
interfaces, Motion and MotionStepper handle the cellular motion. Motion
represents cell movements, like a run or a tumble. MotionStepper calls the
step routines of the different types of movement. For chemotaxis, Motion is
implemented by the Run and Tumble classes. MationSepper isimplemented
by the RunTumbleStepper class which is responsible for executing a Run or
a Tumble step depending on the current state of the Motor.

Molecules. This package defines molecular types (Molecul€), concentra-
tion (Concentration), copy numbers (CopyNumber ), and concentration fields
(ConcentrationField).

2.3 Timestepping

In agent-based simulations, the scheduler is a piece of software responsible
for stepping the system through time. Scheduling consists of keeping aglobal
clock, updating the clock to the next event, and maintaining a sorted list of
events. Each agent inserts its own future events inside the scheduler’s list of
events (Supplementary information).

In the simulations presented bel ow, the agents (cells) update their internal
state and position every 0.01 seconds. This time interval is the resolution
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Table 1. Parameters used in the chemotaxis model

Parameter Symbol Value
Internal cell volume 14 141 x 10715
Cell radius a lpm
Constant run speed v 20pmst
Viscosity n 0.027 g(cm sec)~*
Temperature T 305K
Rotational diffusion D, = kT /(8 na®) 0.06205s°1
CheY-P threshold (Yp) + 0.550 (Yp)
Motor CheY-P averaging 0.3s
window
Minimum CW interval 0.1s
Minimum CCW interval 0.1s
Receptor-aspartate Kp 1.71x 107%™
dissociation constant
(inactive receptors)
Receptor-aspartate Kb 12x10°5M
dissociation constant
(active receptors)

(Yp) and o (Y p) represent the mean and standard deviation of CheY-P.

used to measure the molecular noisein individual bacteria (Korobkovaet al.,
2004). Different parts of a cell typically evolve on very different dynam-
ical timescales. For example, the timescale of the fastest reactions can be
several orders of magnitude smaller than the timescales involved in the
motion of the bacteria. For this reason, when the cell executes one step,
the network makes several smaller internal sub-steps (~50 000 substeps for
the chemotaxis model used in Section 5).

This simple time stepping strategy is sufficient for the simulations in
this paper. However, the agent-based approach (in particular Repast) per-
mits much more complex scheduling with, for example, causal relationships
between events.

3 ALGORITHMS FOR CHEMOTAXIS
3.1 Chemotaxisnetwork

The chemotaxis network was simulated using the same model as
in Morton-Firth et al. (1999) and Korobkova et al. (2004). The
input of the network is the receptor occupancy (the probability for a
receptor to be ligand bound). The output is the number of molecules
of response regulator CheY-Pinside the cell.

3.2 Receptor binding

We assumed that ligand binding operates at quasi-equilibrium and
that the ligand—receptor affinity depends on the activity state of the
receptor (Morton-Firth et al., 1999). Thus, the probability ¢ for an
inactive receptor to be ligand bound was g = [L]/([L] + Kp) with
[L] the concentration of ligand and K p the dissociation constant. For
active receptors the formularemainsidentical but the value of Kpp is
smaller (Table 1).

There exist more sophisticated models of the receptors, in par-
ticular, models that enhance the efficiency of the system by adding
coupling between different chemoreceptor species (Mello and Tu,
2003) and conformational spread within receptor clusters (Shimizu
et al., 2003). Because of the modularity of AgentCell, these models
can bereadily included. In fact, one of these models (Shimizu et al.,
2003) is aready availablein AgentCell through the Stochsim class.
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Fig. 2. Fraction of CW and CCW intervals of individua flagellar motors
from non-stimulated wild-type cellsin amedium without attractant. (a) Real
cell (Korobkovaet al., 2004, figure 2c) and (b) simulation.

3.3 Motor switch

The CW bias or probability for the motor to rotate CW is very sens-
itiveto the concentration of CheY-Pinsidethe cell. Measurementsin
single cells have revealed a non-linear motor behavior with CheY-P
characterized by aHill coefficient of 10 (Cluzel et al., 2000). To con-
vert the output of the chemotaxis network into motor states, we usea
simplethreshold model with memory and afilter that eliminates short
events (class AveragedCheYpThresholdMotor).

The algorithm is the following. The time average of CheY-P over
thelast 0.3 s(Table 1) iscompared with thethreshold level of CheY-P
(defined at initialization time). If the threshold is crossed, the binary
state of the motor is switched. Experimental measurementsin single
cells(Fig. 2and Supplementary Figure 3) werereproduced by adjust-
ing the threshold level and the size of the averaging window (0.3 ).
The user can specify alower limit for the time spent in either state.
The motor is not allowed to switch unless it has spent the required
minimum amount of time in one state.

3.4 Flagellastate

In TetheredFlagellum, the state of the flagellum exactly reproduces
the state of the motor with CW—apart and CCW— bundled. In
SvimmingFlagella, we assume that in 20% of the cases, a switch of
the motor state from CCW to CW fails to translate into a switch of
the flagella state from bundled to apart. This assumption is based
on the relation between the CW bias and [CheY-P] as measured in
single swimming cells (data not shown).
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Fig. 3. Chemotactic response of a single synthetic cell to a constant gradient of aspartate 10~8vVzM/um. (a) Intracellular number of CheY-P molecules as
function of time (black). Thetime series was smoothed with asliding average of width 0.3 s. The motor switcheswhen the number of CheY-P molecules crosses
the threshold 1422 (horizontal grey line). (See also Section 3.3 and Table 1.) The vertical grey stripesindicate tumbling events. (b) Projection of the associated

trajectory on the z-axis. The grey crosses indicate tumbles.

3.5 Moaotion: run

In line with Berg and Brown (1972) who tracked individual cellsin
3D, we assumed that during a run the speed of the cell is constant
and that the direction of motion is affected by rotational Brownian
diffusion. The position and orientation of the cell are updated in the
step method of the class Run. The time integration of position and
orientation is described in the Supplementary information.

3.6 Motion: tumble

During atumble (CW rotation), the position of the cell is held con-
stant. The new direction of the motion is chosen randomly from one
of the directions forming an angle « with the original direction of
motion. Theangle« isdrawn from a Gammadistribution with shape

parameter 4, scale parameter 18.32 and location parameter —4.6.
With these values, the resulting distribution of tumble angles fits
the distribution of tumbling angles measured by Berg and Brown
(Figure 3, 1972).

4 SOFTWARE

We built AgentCell using the agent-based Repast framework
(Collier and Sallach, 2001, http://repast.sourceforge.net). Repast
is an agent-based framework similar to its predecessor Swarm
(Burkhart et al., 2000, http://www.santafe.edu/projects/swarm/
swarmdocs/set/set.html), but differs in several important respects.
Owingtoitsimplementationin Java, Repast isplatform independent,
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web-compatibleand allowsintegration acrossavariety of languages.
All the capabilities of Repast aredirectly availablewithin AgentCell.
In particular, Repast provides the software apparatus for creating,
running, displaying and collecting data from an agent-based simula-
tion. It also haslibraries for handling complex interactions between
agents. Inthisfirst version of AgentCell, weonly used afew features
from Repast. The ChemotaxisModel class extends the SimpleModel
class from Repast. It is responsible for starting and terminating
higher-level housekeeping tasks, such as I/O, random number gen-
eration, threaded process assignment, interfacing with the graphical
user interface and scheduling.

In addition to Repast, AgentCell uses the Apache Log4J high
performance Java-based results logging system (Guilcl, 2003), the
National Center for Supercomputing Applications' (NCSA) Hierarch-
ical Data Format 5 (HDF5) (NCSA, 2004, http://hdf.ncsa.uiuc.edu/
HDF5/) data storage system and the Colt mathematicslibrary among
other tools (Hoschek, 2004, http://hoschek.home.cern.ch/hoschek/
colt/). These libraries provide AgentCell with useful functionalit-
ies, such as the ability to store results either in HDF5 or in comma
separated value (CSV) format.

The AgentCell project is focused on developing an agent-based
model of bacterial chemotaxis to simulate bacterial populations on
massive parallel computers rather than general software for the PC.
Assuch, AgentCell does not currently have an interactive user inter-
face. Instead, users can specify the required cellular configuration,
world structure and parameters using Java code in tools such as
Eclipse (Eclipse, 2004, http://www.eclipse.org/) (see Supplementary
information for details on how to use AgentCell). The AgentCell
outputs have been analyzed with IDL (Research Systems, 2004,
http://www.rsinc.com/idl/) and Mathematica (Wolfram Research,
2004, http://www.wolfram.com/).

Probabilistic aspects of intracellular signaling are important. For
this reason, we use a stochastic approach for the time integration
of the biochemical networks. We implemented the Network inter-
face with the class Sochsim, a wrapper around the general purpose
biochemical simulator StochSim (Morton-Firth, 1998). StochSim
represents individual molecules or molecular complexes as indi-
vidual software objects. StochSim has been used extensively to
simulate the chemotaxis network in E.coli (see Shimizu et al., 2003
and references therein). Recently, some of us used StochSim to
study the relationship between molecular noise and behavior in a
single E.coli bacterium (Korobkova et al., 2004). Implementing the
Network class with StochSim required the accessing of the internal
time loop of StochSim in order to feed or extract information at the
time intervals required by the agent-based simulation. For this pur-
posewe modified StochSim to appropriately pause and then continue
asrequired by Repast.

StochSim runsefficiently within Repast. A StochSim (version 1.4)
simulation of the chemotaxis network without stimulus runs 1000
simulated secondsin 53 minon one processor of aLinux (Fedoracore
3) computer with dual 2.40 GHz Intel Xeon processors and 2 GB of
RAM. AgentCell with one cell in a 3D environment but without
receptors ran in 58 min on the same computer. AgentCell with one
cell ina3D environment with aligand gradient ran in 83 min on the
same compulter.

To simulate cell populations, individual cells must run on sep-
arate processors. In the current version of AgentCell, cells cannot
exchange information. Allowing cell-to-cell interactions implies
parallelizingthecodefor itsuseover distributed systems. Thisfeature

will be developed in the next version of AgentCell. However, the
current version of AgentCell can use distributed computing clusters
to execute simultaneously independent realizations of a single-cell
evolution. For each realization, theinput filesare <2 MB combined,
and the output files can be a few hundred MB. The only conflict
for shared cluster resources is the one for the network and file sys-
tem when simulation results are saved. Thus, AgentCell can achieve
nearly linear speedup for clusterswith efficient file systems (Supple-
mentary information). Adding cell-to-cell interactions to the model
will, most likely, cause AgentCell to exhibit lessthan linear speedup.
Simulations with only one or two cells were also run on laptops and
desktops both under Linux or Windows.

5 MODEL VALIDATION

To validate our approach, we simul ated chemotactic assays and com-
pared them with published experimental data. Topology, reaction
rates and protein concentrations of the chemotaxis network were
chosen exactly identical to those used in Morton-Firth et al. (1999)
and Korobkova et al. (2004). Additional parameters defining the
cells are listed in Table 1. Cells were put in a 3D environment. At
timer =0, theinitial position, motor state, flagella state and internal
protein levels of the chemotaxis network were identical for all the
cells. Only orientation and random generator seeds were shuffled.
Cellular behavior was simulated over 40 min. The internal state of
each cell (position, orientation, internal level of CheY-B, state of the
motors, state of the flagella, etc.) was recorded every 0.01s.

We performed two simulations. In the first simulation (hereafter
simulation 1), we tested the behavior of apopulation of 1166 unstim-
ulated cells. The cells were placed in a 3D environment that was
infinitein all directionsand free of attractant. We comparethe results
from simulation 1 with two experimental assays. tethered and swim-
ming cells. Although the digital cellsin simulation 1 are swimming,
the state of the motors (instead of the state of the flagella) can be
compared with the state of the motors in tethered cell experiments.

The second simulation (hereafter simulation 2) was designed to
test the chemotactic responsefrom digital cells. Theworld wasahalf
infinite space z > O with areflecting boundary at z = 0. A total of 540
cells started to swim from theinitial position zo located 20 um away
from the boundary. At time ¢ = 0, the constant gradient of aspartate
10-8VzM /pum was established.

5.1 Single-cell behavior

We compare our results with recently published (Korobkova et al.,
2004) distributions of CW and CCW time intervals obtained by
monitoring the switching events of individual flagellar motors from
non-stimulated wild-type cells (Fig. 2a). We plot in Figure 2b the
distributions resulting from the binary time series of the motor states
in one cell of the digital population from simulation 1. We chose a
digital cell with approximately the same averaged CW bias as for
the real cell. The CW biasisthe total time spent in CW divided by
the total length of the time series. The simulation data accurately
reproduces the important statistical features observed in single cells,
such as the long tail deviation from an exponential distribution of
the CCW intervals. Our single-cell model also reproduces the main
spectral featuresfrom the binary time series of motor statesmeasured
by Korobkova et al. (2004) in single wild-type cells (Supplementary
Figure 3).

Figure 3 shows the chemotactic response of a single digita cell
(simulation 2). It illustrates how AgentCell can help relate the
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Fig. 4. Average of the chemotactic response of 540 cells. Number of cells present in the half space z > 1.2 mm as function of time: (black) in the presence of
aconstant linear gradient of aspartate 10~8vzM/um; (grey) in a medium free of aspartate. The cells are moving within a half infinite domain bounded by a
reflecting boundary at z = 0. Theinitial position of the cellsis xg = yo =0pum and zo =20 pum.

stochastic time evolution of the intracellular amount of CheY-P
(panel a) to the trajectory of the cell along the aspartate gradient
(panel b). Whenever the cell movesupward, itsreceptorsbind ligand.
The response of the chemotaxis network consists of decreasing the
amount of CheY-P, which causes the cell to run. Owing to the rota-
tional diffusion, however, thecell losestrack of theoriginal direction
and sometimes ends up running downward the gradient (e.g. between
50 and 100s). Under this latter condition, the chemotaxis network
increases the tumbling rate, and a new random direction is chosen.

5.2 Population behavior

In the absence of attractant, the concentration of E.coli satisfies the
scalar diffusion equation. Thus, the population average of the square
distance to the origin follows Einstein’s relation (r?) = 6Dt, where
D isthe macroscopic random motility coefficient (Berg, 1993). Tak-
ing the average of 2 over the 1166 cells of simulation 1 we obtained
D = 4.21 x 10~8cm?/s (Supplementary information). Leawus and
Ford (2001) measured D =3.8 + 0.2 x 10~%cm?/s; Berg (1993,
p. 93) reports D =4 x 10~%cm?/s.

The chemotactic response of a population of digital cellsisillus-
trated in Figure 4. We plot, as function of time, the number of
cellsfrom simulation 2 within the region defined by z > 1.2 mm. We
aso simulated cells diffusing into the same region in the absence of
attractant. We define the chemotactic response astheratio of bacteria
accumulated in the region of interest in the presence of attractant to
accumulation in its absence. After ~400 s the receptors of the stim-
ulated cells saturate and the corresponding behavior becomes purely
diffusive. Before saturation the chemotactic response is between 4
and 5. This numerical result reproduces qualitatively the response
(about 15) measured from high-throughput capillary assays (Bainer
et al., 2003).

6 CONCLUSION

We have developed AgentCell, a model that uses agent-based tech-
nology to study the effect of intracellular stochastic fluctuations on

the behavior of single cells. We tested our approach by modeling
the chemotactic response of single E.coli cells to chemoattractant
gradients in a 3D environment. Our data reproduced several key
aspects of experiments from both single cells and populations
measurements.

Our long-term god is to develop a tool to study the relationship
between intracellular computation and popul ation behavior al within
one computational framework. The current version of AgentCedll is
thefirst stepinthisdirection. Therepresentation of cellsasagentswill
allow usto introduce complex interactions between cells in the next
version of AgentCell. Agent-based features could be used to study
cell-to-cell communication, such as quorum sensing and hydro-
dynamic coupling, which relate intracellular signaling to population
behavior (Shapiro, 1998).
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